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Short-term load forecasting of power system based on temporal convolutional
neural network fusion of efficient convolutional attention model
SUN Donglei', LI Wensheng', LIANG Lu’, ZHANG Zhisheng’

2. College of Electrical Engineering, Qingdao University, Qingdao 266071, China)

Abstract: To avoid the discontinuity issue caused by the dilated convolution structure in the temporal convolutional
network and further enhance the ability to extract key load features, we propose a short-term load forecasting model
called hybrid dilated convolution improved temporal convolutional network with efficient convolutional block
attention model (ECBAM-HTCN). Based on the parallelizable temporal convolutional network, the load data
features are learned and a hybrid dilated convolution layer is constructed to improve the residual block of the
temporal convolutional network. This layer adaptively captures the complete load data at different distances using
different dilation factors, thus avoiding information discontinuity. The traditional convolutional block attention
module is improved by utilizing a one-dimensional convolution that can adaptively adjust the kernel size to efficiently
capturing important information in both the spatial and channel dimensions of the load data. The results of
simulations on actual power grid load data show that the proposed ECBAM-HTCN model achieves high forecast
accuracy and stability.
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Fig. 1 Efficient convolutional block attention module
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Fig. 2 Efficient channel attention submodule
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Fig. 6 Hybrid dilation causal convolution
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Fig. 9 Comparison of load forecasting curves for five models
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